Abstract-We collected and analyzed subjective and objective data using surveys and wearable sensors worn day and night from 68 participants for ~30 days each, to address questions related to the relationships among sleep duration, sleep irregularity, self-reported Happy-Sad mood and other daily behavioral factors in college students. We analyzed this behavioral and physiological data to (i) identify factors that classified the participants into Happy-Sad mood using support vector machines (SVMs); and (ii) analyze how accurately sleep duration and sleep regularity for the past 1-5 days classified morning Happy-Sad mood. We found statistically significant associations amongst Sad mood and poor health-related factors. Behavioral factors including the frequency of negative social interactions, and negative emails, and total academic activity hours showed the best performance in separating the Happy-Sad mood groups. Sleep regularity and sleep duration predicted daily Happy-Sad mood with 65-80% accuracy. The number of nights giving the best prediction of Happy-Sad mood varied for different individuals.
I. INTRODUCTION
Positive mood is linked to improved performance, cognition, and memory in healthy or depressed individuals undergoing emotional induction (i.e., inducing emotion from stimuli such as videos and music) or sleep deprivation in a laboratory [1, 2] . New technology makes it easier to objectively measure sleep and other behaviors, and examine their association with daily mood changes. We have conducted a study to examine associations among sleep and other daily behaviors and mood in college students in their daily lives.
Multiple studies have shown that sleep influences mood [3, 4] . One study investigated the associations among sociability, sleep quality, and good-poor mood (good: happy or content, relaxed or peaceful, poor: stressed or anxious, angry or frustrated) with self-reported surveys and mobile phone proximity data from 54 participants for one month [3] .They found that the good mood group had longer sleep duration (average ~7 hours) than the poor mood group (6.4 hours) and that lower sociability was related to poorer mood.
A. Sano Another study found a relationship among self-reported fatigue, mood (negative mood: apathy, irritability, tension, and nervousness), and the difference between preferred sleep length and actual self-reported sleep length in school children, students, and employees [4] .
We collected and analyzed ~30 days of multi-modal wearable sensor and self-report data from undergraduate students. We aimed to identify (i) which behavioral factors in daily life or internal factors separated Happy-Sad selfreported mood groups and (ii) how accurately we could classify daily Happy-Sad mood using the previous 1 to 5 days of sleep parameters. One goals were to identify behaviors that an individual can control (e.g., sleep timing) that will improve self-reported Happy-Sad mood and to understand whether changing sleep on one night will affect future Happy-Sad mood.
II. PROCEDURE

A. Data Collection
Sixty-eight undergraduate students in 2 cohorts participated in a ~30-day experiment (49 males, 19 females, aged 20.1 ± 1.5, mean ± SD) providing 1,980 days of data. Participants were recruited through email. Participants completed the Pittsburgh Sleep Quality Index (PSQI) [5] , the Big Five Inventory Personality Test [6] , and the HorneOstberg Morningness-Eveningness Questionnaire (MEQ) [7] . During the ~30-day experiment, participants wore a wrist sensor on their dominant hand (Q-sensor, Affectiva, USA) to measure three-axis accelerometer data (ACC) and skin conductance (SC) at 8 Hz. The ACC data were used to estimate activity patterns (i.e., percentages of sitting, walking and running; details are described in the Analysis section) as exercise has been shown to enhance mood [8] . The SC data were used as a marker of sympathetic activity [9, 10] . Participants wore a wrist actigraphy monitor on their non-dominant hand (Motion Logger, AMI, USA) to measure activity and light exposure levels. Participants also installed an Android phone application using the funf open source framework [11] to measure call, short message service (SMS), location, and "screen on" timing. During the study period, they completed surveys every morning and evening about academic, extracurricular, and exercise activities, sleep, caffeinated-drink intake, social interaction, and selfreported general health, mood, alertness, tiredness and stress level. Data types collected are listed in [12] , the SF-12 Physical and Mental Health Composite Scale (PCS and MCS) [13] and, State-Trait Anxiety Index (STAI) [14] . Grade point average (GPA) was reported by the participants at the end of the semester in which the experiment occurred. Email usage during the experiment (to, from, cc and timestamps) was collected through the MIT website Immersion at the end of the study. In addition, based on their phone call, SMS and email usage during the experiment, participants were asked to identify these most frequent contacts and whether they had positive/neutral/negative interactions with these contacts overall during the ~30 days.
We collected phone and email usage as an estimate of participants' social interaction: social factors are believed to be involved in both mood and sleep [3, 15] . The timing of mobile phone calls, SMS, emails and "screen on" provide an estimate of how often participants interact with their phone during the day and the night, while the number of calls, SMS and emails and the number of people they interacted with helps quantify social interaction. In addition, lighting from the interaction with mobile phones or emailing late at night could disturb the biological circadian clock and increase alertness, both of which can influence mood [16] .
The Massachusetts Institute of Technology Committee On the Use of Humans as Experimental Subjects approved this study and all participants gave informed consent.
III. ANALYSIS
A. Primary analyses
Sleep and wake onsets were determined by a combination of wrist actigraphy and sleep diaries. We computed sleep regularity as a value of 0 -1 using cross correlation of sleep/wake episodes, because sleep researchers have suggested the importance of sleep regularity [17] in addition to sleep duration in some metrics.
B. Feature Extraction
We extracted features from the collected data (TABLE 1) . For ACC, we computed the mean activity level based on the root square values of the ACC data. We split ACC and SC data into Wakefulness and Sleep using sleep and wake onsets. For ACC data in Wakefulness, we computed the percentages of sit, walk and run episodes based on thresholds we computed with another set of ACC data from 48 people who did sitting, walking and running with the same sensor on their non-dominant wrist (Sano, unpublished data). We also used the ACC information to separate SC data into SC activities under sit, walk and run episodes.
C. Clustering participants based on Mood vs Mood
Variation For mood, we computed mean and coefficient of variance (CV = mean/SD) of daily morning and evening Happy-Sad mood. The average morning and evening mood ratings over the month for each person and their CV's were used with knearest neighbor clustering to define three types of participants. For the two extreme clusters (Happy mood + low CV group and Sad mood + high CV group), we applied an unpaired t-test to compare their behaviors and traits from surveys and ambulatory monitoring. Next, in order to understand which behavioral features work best in classifying Happy and Sad mood groups, we focused on only behavioral features (bold items in TABLE 1) and applied sequential forward feature selection to find the best combinations of 1-5 features and support vector machines (SVM) (linear) and SVM (radial basis function kernel) classifiers. For each classification, we examined the accuracy using leave-one-participant-out approach. We selected features and trained models from all except one participant data and tested the model against the left-out participant's data. This procedure was repeated for 28 participants (40 % of the entire participants). 
D. Daily morning mood prediction using sleep parameters
We classified Happy-Sad daily morning mood within each participant using the previous 1-5 nights of sleep duration, and the previous 2-5 nights of sleep regularity to find personalized features that classify individual daily HappySad mood. Within each participant, we defined the top and the bottom 20% of their morning mood distribution as Happy or Sad mood. As in the previous classification, we examined the accuracy using leave-one-day-out approach.
IV. RESULTS
A. Mood distribution and clusters
Morning and evening survey mood distributions were similar and were therefore combined ( 
B. Daily behavior and trait difference in Happy mood vs
Sad mood groups We found statistically significant differences in features between the Happy and Sad mood groups (TABLE 2). The Sad mood group showed a higher PSQI score (indicating poor sleep quality), higher anxiety state and trait scores, higher stress scale, higher morning and evening sleepiness, sluggishness, sickness and stress level, longer academic hours, lower conscientiousness, extraversion and agreeableness, higher neuroticism and lower MCS score. The Sad mood group also had a later mean SMS timestamps, more frequent total neutral social contacts, and more frequent face to face neutral social contacts. We did not find any significant differences in exercise and GPA. Furthermore, there was no significant difference in mood between the top and bottom 20% GPA groups. Among behavioral factors, 5 features showed 78.6% accuracy in discriminating the Happy-Sad mood groups: the Sad mood group showed shorter screen-on duration between 6 and 9am (common in N=28), longer total daily hours of academic activities (including classes, e-classes, sections, seminars, labs, study groups), higher number of people interacted with on the phone, more negative emails, smaller % of sit episodes (for N=16), and smaller SD of ACC (sit), smaller SD of 1Q sleep SC amplitude, more frequent interaction with persons before sleep and very negative interaction (for N=12). C. Daily morning mood classification using sleep parameters We compared accuracies in classifying individual daily morning Happy or Sad mood using the previous 1-5 nights of sleep duration and sleep regularity. Different parameters were required for different individuals. We summarize the mean best accuracies and the number of participants who showed the best accuracy with each parameter (Table 3 ). All the parameters discriminated the Happy-Sad Mood from 65-80% accuracy. For sleep regularity, the previous 4 and 5 nights accounted for 70% of the participants who showed the best accuracy with sleep regularity parameters. For sleep duration, 78% of the participants' moods were classified accurately using the previous 1, 3, or 5 nights of sleep. 73 12 V. DISCUSSION Our data provide further evidence of an association in college students between Sad mood and many health-related factors, including self-reported high anxiety, stress level, sickness and sluggishness, and low mental health score. Our findings related to personality types are similar to previously reported links between high conscientiousness, low neuroticism and reduced negative mood [18] . In terms of sleep, contrary to our expectations, we did not find significant differences in averaged bed time, wake time, duration and regularity over the month between the HappySad mood groups. Nonetheless, the PSQI scores were significantly different, with Happy mood associated with a better sleep quality score (lower PSQI). It is interesting to note that more frequent interactions with people before sleep was related to increased Sad mood scores. Prior nights of sleep duration and regularity were predictive of mood for over half of the participants. Characterizing subsets of individuals for whom different numbers of nights are predictive of mood should be done. In our next analyses, we will include daily sleep quality based on actigraphy when classifying daily Happy or Sad mood; the current study could only address correlation. We also will do multivariate regression analyses and use different methods to understand causality and interactions among variables. Other aspects of mood and other influences (e.g., sex) also need to be studied.
VI. CONCLUSION
In this paper, we analyzed the associations between selfreported Happy-Sad mood and daily behaviors from ~30 days of data from each of 68 undergraduate students. The Sad mood group showed larger variation of their mood both in the morning and in the evening. Statistical analysis showed that the Happy mood group had better health-related behaviors such as high sleep quality index score and low stress level. Machine learning techniques showed behavioral factors that help differentiate the Happy mood group from the Sad mood group. In daily mood classification using sleep duration and regularity parameters, different sets of parameters are optimal for different participants. Over the group, the previous one night to five nights of sleep duration and sleep regularity classified Happy and Sad mood with 65-80% accuracy.
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